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Study region: The study  is carried  out for Mumbai (18◦58′30′′ N,
72◦49′33′′ E).
Study focus:  Future  projections  provided  by general  circulation  mod-
els (GCMs)  suggest  the probability of occurrence  of intense  rainfall  will
change in the  future.  However,  GCM data generally  need  to  be  downscaled
and bias-corrected  for impact  studies.  Although  the domains  covered  by
Regional Climate  Models  (RCMs)  are  increasing,  statistical  downscaling
of GCM results  is the  main alternative  in  many regions.  We applied a
Distribution-based Scaling  (DBS)  procedure, with  1975–2004 as  a refer-
ence period,  for  bias-correcting  and  downscaling  daily  rainfall data from
nine global  climate  projections.
New hydrological  insights  for the region:  The  evaluation  in  the  refer-
ence period  showed  that  the  scaled  data  are able to represent  various
key statistics.  All  GCMs  were  unable  to  accurately  reproduce  the  south-
west monsoon  season.  Using  the transient DBS processed  projection  data,
a comprehensive  evaluation  of key rainfall statistics  was  performed  for
three periods:  near (2010–2040), intermediate  (2041–2070) and distant
future (2071–2099). There  is an  increase  in  the total accumulated  annual
rainfall, ranging  from 300  to 500 mm in  the  ensemble.  Also, a clear  sea-
sonal shift  and  delayed  onset of the  monsoon  season  evolves  in the
projections, with  increasing  and decreasing  rainfall in September  and
June, respectively.  A trend  analysis  using  Student’s  t and  Mann–Kendall
tests was  performed  for 2010–2099. A signiﬁcant  positive  trend  was
found for  four of  the GCM projections.
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article under  the CC BY-NC-ND  license
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1. Introduction
Extreme weather events have severe consequences for human society. The impacts of the changing
climate will likely be perceived most strongly through changes in intensity and frequency of climate
extremes. Studies have found that human activities have contributed to an increase in concentra-
tions of atmospheric greenhouse gases contributing to intensiﬁcation of heavy rainfall events (Min
et al., 2011). In the context of hydrology, the changing climate will likely accelerate the hydrological
cycle on a global scale, and subsequently intensify the uneven spatial and temporal distribution of
hydrological resources (Huntington, 2006; Trenberth, 1999). The intensity of extreme rainfall events
is projected to increase under global warming in many parts of the world, even in the regions where
mean rainfall decreases (e.g., Semenov and Bengtsson, 2002; Wilby and Wigley, 2002). Thus climate
adaptation strategies for e.g. emergency planning, design of engineering structures, reservoir man-
agement, pollution control, or risk calculations rely on knowledge of the frequency of these extreme
events (Kumke, 2001). Assessment of these extreme rainfall events is important in hydrological risk
analysis and design of urban infrastructures. The increasing trend of rainfall extremes has quantiﬁ-
able impacts on intensity duration frequency relations (Kao and Ganguly, 2011), and an increase in
the intensity and/or frequency of extreme rainfall events may  result in the ﬂooding of urban areas
(Ashley et al., 2005; Mailhot et al., 2007).
In India, rainfall variability is a central driver of the national economy as it is predominantly agri-
cultural. A change in extreme events would have a large impact on the growing economy of India
as most of the population live in urban areas. Several studies have addressed the issue of trends in
rainfall in India since last century. Long-term southwest monsoon/annual rainfall trends over India as
a whole were previously studied by Parthasarathy et al. (1993) and Rana et al. (2012), among others.
Long term trends for the last 50 years indicate a signiﬁcant decrease in the frequency of moderate-
to-heavy rainfall events over most parts of India e.g., Dash et al. (2009) and Naidu et al. (1999). This
is corroborated by a signiﬁcant rise in the frequency and duration of monsoon breaks over India dur-
ing recent decades (Ramesh Kumar et al., 2009; Turner and Hannachi, 2010), while the frequency of
extreme rainfall events (100 mm/day) have increased in certain parts of the country (Goswami et al.,
2006).
Future climate studies for India based on climate model simulations suggest that greenhouse driven
global warming is likely to intensify the monsoon rainfall over a broad region encompassing South Asia
(e.g., Lal et al., 2000; May, 2002, 2004, 2011; Meehl and Arblaster, 2003; Rupakumar et al., 2006). How-
ever, precise assessments of future changes in the regional monsoon rainfall have remained ambiguous
due to wide variations among the model projections (e.g., Annamalai et al., 2007; Fan et al., 2010;
Kripalani et al., 2007; Kumar et al., 2011; Sabade et al., 2011). The simulated rainfall response to global
warming by climate models is actually accompanied by a weakening of the southwest monsoon (e.g.,
Kripalani et al., 2003; Krishnan et al., 2013; Sabade et al., 2011; Stowasser et al., 2009; Ueda et al.,
2006). However, Rupakumar et al. (2006) have studied the effect of climate change in India by eval-
uating the present day simulation (1961–1990) of the PRECIS climate model and have reported an
increase in extreme rainfall along the west coast and western parts of central India.
Several studies have investigated the vulnerability of Mumbai in the present and future climatic
scenarios. Over the coming decades, the pressures of urbanisation may  be aggravated by manmade
climate change and increase in greenhouse gases. In the future, an increase in rainfall volume and/or
intensity could increase the risk of severe ﬂooding. Global Climate Models (GCMs) give a divergent
picture of how precipitation will change in Northwest India over this century. The ensemble mean
of the GCM projections assessed in IPCC (2007) suggests a small average increase in the summer
precipitation (roughly 5% of 1990 levels by the 2090s), however this small average masks large positive
and negative changes projected by individual models. Ranger et al. (2011) have presented a grim
picture of Mumbai ﬂooding and consequent economic losses during July 2005 ﬂoods and further
analysed the situation in future scenarios. Further the authors have stressed the need to consider the
implications of uncertainties in climate projections for adaptation planning in Mumbai. The authors
have advocated the use of multiple projections from a range of available Global Climate Models and
Regional Climate Models as a single scenario of future climate is by itself not adequate to inform robust
adaptation decisions.
A. Rana et al. / Journal of Hydrology: Regional Studies 1 (2014) 107–128 109
This present study, to the knowledge of the authors, is the only study being conducted to investigate
the effects of climate change on the potential impacts of extreme rainfall in study area using data
from several climate models. Many studies worldwide have described the possible impacts of climate
change on urban drainage infrastructures and analysed the speciﬁc impacts on various urban areas,
e.g. (Mailhot et al., 2007; Willems et al., 2012). These possible impacts could have serious implications
for Mumbai, the economic hub of India.
In this study, we analyse the change of various precipitation statistics due to climate change for the
city of Mumbai. General circulation models (GCMs) are currently the best way  to model the complex
climate processes that occur at the global scale, i.e. for studying possible future changes in climate
mean, variability, and extremes (Huntingford et al., 2005). Climate change studies are essential in order
to provide information for policy making and adaptation strategies (Stainforth et al., 2007). In most
climate change studies, GCMs have been used to project future climatic variables. However, due to a
limitation of GCMs to incorporate local topography (spatial and temporal scales), the direct use of their
outputs in impact studies on the local scale of e.g. hydrological catchments is limited. To bridge the
gaps between the climate model and local scales, downscaling is commonly used in practice. Dynamic
downscaling and statistical downscaling are the most commonly used methods (Bergstrom, 2001;
Fowler et al., 2007; Pinto et al., 2010; Schoof et al., 2009; Wilby et al., 1999). Dynamic downscaling
by Regional Climate Models (RCMs) ensures consistency between climatological variables, however
they are computationally expensive. Statistical downscaling models, on the other hand, are based
on statistical relationships and hence require less computational time. Extensive research has been
carried out with both approaches (e.g., Chen et al., 2012; Maraun et al., 2010; Teutschbein et al., 2011;
Willems and Vrac, 2011).
Besides the scale issue, there is often a clear bias in the statistics of variables produced by GCMs
such as rainfall and temperature (Kay et al., 2006; Kotlarski, 2005). Therefore hydrologically important
variables need to be adjusted to obtain realistic time series for use in local impact studies (Graham
et al., 2007). A conventional way to adjust future time series is referred to as bias correction (Lenderink,
2007) where correction factors are derived by comparing the GCM output with observed weather
variables in the reference period, and then applied to GCM output for future climate. While bias-
correction generally reproduces the variability described by different climatic conditions simulated
by GCM projections, one disadvantage is the assumption of stationarity, i.e. that the correction factors
do not change with time.
As indicated by Rana et al. (2012), the rainfall intensity and frequency for Mumbai is related to
certain global climate indices such as the Indian Ocean Dipole, the El Nin˜o-Southern Oscillation and
the East Atlantic Pattern. These established connections between local rainfall and large-scale cli-
mate features suggest the possibility to statistically downscale GCM data directly to the local scale.
The objective of this paper is to apply a statistical approach termed Distribution-based Scaling (DBS)
technique, which has been tested and applied to RCM data, to scale GCM data. This includes the appli-
cation of the DBS model to GCM projections for the area, an analysis of the scaling methodology and
its applicability to GCM data, and ﬁnally assessment of the future impacts on the city of Mumbai due
to climate change as projected by nine different GCM projections.
2. Study area, data and methods
2.1. Study area
The study is carried out for the city of Mumbai, (18◦58′30′′ N, 72◦49′33′′ E; formerly Bombay)
the capital of Maharashtra state, located in the south-western part of India. Mumbai is located on
the windward side of the Western Ghats of India and receives large rainfall amounts, owing to the
orographic effect from strong westerly and south-westerly monsoon ﬂows over the Arabian Sea. The
average annual rainfall of Mumbai is 2142 mm with monsoon rainfall accounting for 96% of the total
annual rainfall (Rana et al., 2012). During the monsoon, it usually rains uniformly over the city and
severe ﬂooding occurs in many parts. The duration of a rainfall event usually ranges from 30 min  to
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Table 1
List of CMIP5 GCMs used in present study.
Modelling centre Model Institution
BCC BCC CSM1.1 Beijing Climate Centre, China Meteorological Administration
CCCma CanESM1.1 Canadian Centre for Climate Modelling and Analysis
INM INM CM4 Institute for Numerical Mathematics
IPSL IPSL CM5A MR Institut Pierre-Simon Laplace
NCAR NCAR CCSM4 National Centre for Atmospheric Research
NCC NorESM1 M Norwegian Climate Centre
CNRM-CERFACS CERFACS CNRM CM5 Centre National de Recherches Meteorologiques/Centre Europeen de
Recherche et Formation Avancees en Calcul Scientiﬁque
MPI-M MPI ESM LR Max Planck Institute for Meteorology (MPI-M)
MOHC HadGEM2 ES Met Ofﬁce Hadley Centre
120 min, however in some cases they can be as long as 3–4 h (Rana et al., 2013). Daily rainfall amounts
of up to 250 mm are common during monsoon season (Rana et al., 2012).
2.2. Data
Observed daily rainfall data for the Colaba station (18◦54′ N, 72◦49′ E, 11 m.a.s.l) in Mumbai, cover-
ing the period 1975–2005, was obtained from the India Meteorological Department (IMD). The daily
volume resolution is 0.1 mm and there is no missing daily data.
Further, daily rainfall data from nine GCM projections (see Table 1) was  extracted from the CMIP5
database, provided by MOHC (Met Ofﬁce Hadley Centre) (http://badc.nerc.ac.uk/home/) and we refer
to the “WCRP Coupled Model Intercomparison Project” report and its references for details about the
data (CLIVAR Exchanges; WCRP, 2011). All GCMs were driven by the Representative Concentration
Pathway (RCP) 4.5. The RCP 4.5 is a stabilisation scenario where total radiative forcing is stabilised
before 2100 by employment of a range of technologies and strategies for reducing greenhouse gas
emissions (Van Vuuren et al., 2011). A large climate model ensemble of outputs driven by different
models helps in quantifying the uncertainties in a comprehensive way  and reduces errors associated
with the GCMs.
Time series in the period 1975–2099 from the GCM grid cell covering Mumbai were extracted
from each projection. We  use the period 1975–2004 as the reference period, and the three periods
2010–2040, 2041–2070 and 2071–2099 as projection periods representing near, intermediate and far
future, respectively.
2.3. Methods
2.3.1. Bias-correction
We  have used the Distribution-based Scaling (DBS) Method (Yang et al., 2010) to downscale and
bias-correct the GCM data for both historical and future projections. As for most bias-correction meth-
ods, it was assumed that simulations generated by GCMs for the control period cover the full range of
climate processes and events that occur in the present climate, and is thus representative of present
climate conditions up to a systematic and stationary bias. The DBS approach includes two  steps. In
the ﬁrst step, the wet fraction (i.e. proportion of time steps with a non-zero precipitation) is adjusted
to match the reference observations. A common feature of climate models is generation of “spurious
drizzle”, an excessive number of time steps with very low precipitation intensities (e.g. Maraun et al.,
2010). The excessive drizzle can be quantiﬁed by comparing climate model output with gridded obser-
vations with the same spatial resolution. When comparing GCM output with point observations, as
done here, an additional scale effect comes into play. As an area has a larger probability of rainfall than
a point, the wet fraction should be larger for a time series from a GCM grid cell than from a station.
The scale effect is, however, difﬁcult to quantify and therefore we neglect it here and use the observed
local wet fraction as a target for the GCM data. Thus simulated and observed daily rainfall was  sorted in
descending order and a cut-off value was deﬁned as the threshold that reduced the percentage of wet
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days in the GCM data to that of the observations. Days with rainfall amounts larger than the threshold
value were considered as wet days and all other days as dry days (Yang et al., 2010).
In the second step of DBS, the remaining non-zero rainfall was transformed to match the observed
cumulative probability distribution in the reference data by ﬁtting gamma  distributions to both
observed and simulated daily rainfall. DBS applies a gamma distribution because of its documented
ability to represent the typically asymmetrical and positively skewed distribution of daily rainfall
intensities (Haylock et al., 2006). The density distribution of the two-parameter gamma  distribution
is expressed as:
f (x) = (x/ˇ)
˛−1 exp(−x/ˇ))
ˇ (x)
x, ˛,  ˇ > 0 (1)
where  ˛ is the shape parameter,  ˇ is the scale parameter and  (x) is the gamma  function. As the
distribution of daily rainfall values is heavily skewed towards low intensities, distribution parameters
estimated by e.g. maximum likelihood will be dominated by the most frequently occurring values
and fail to accurately describe extremes. To capture the characteristics of normal rainfall as well
as extremes, in DBS the rainfall distribution is divided into two partitions separated by the 95th
percentile. Two sets of parameters – ˛,  ˇ representing non-extreme values and ˛95, ˇ95 representing
extreme values – were estimated from observations and the GCM output for the reference period
1975–2004. These parameter sets were in turn used to bias-correct daily rainfall data from GCM
outputs for the entire projection period up to 2099 using the following equations:{
PDBS = F−1(˛Obs, ˇObs, F(P, ˛CTL, ˇCTL)) if P < 95th percentile value
PDBS = F−1(˛Obs,95, ˇObs,95, F(P, ˛CTL,95, ˇCTL,95)) if P ≥ 95th percentile value
(2)
where P denotes daily precipitation values of the GCMs and PDBS stands for the DBS bias corrected
daily precipitation data. The sufﬁx Obs denotes parameters estimated from observations in the refer-
ence period and the sufﬁx CTL denotes parameters estimated from the GCM output in the reference
period. F represents the cumulative gamma  probability distribution associated with the probabil-
ity density function f (see equation 1). To take seasonal dependencies into account, the parameter
sets were estimated for each season separately: pre-monsoon (March–May), Southwest monsoon
(June–September), post-monsoon (October–November) and winter (December–February).
2.3.2. DBS evaluation and analysis of the climate change signal
Evaluation of DBS scaling procedure is done by comparing different climate statistics including
accumulated rainfall, mean, standard deviation, coefﬁcient of variation (CV), and percentage of annual
rainfall for observed, raw GCM and bias-corrected GCM data. From the basic daily rainfall all the statis-
tics were computed monthly for the southwest monsoon season and season-wise for the other seasons.
Comparison between the simulations and observations are done on statistics for the whole evalua-
tion period, i.e. not for individual days or years. A mean annual cycle curve, using a 31-day moving
average, for the reference period was also plotted to evaluate the seasonal cycle more continuously.
Rainfall extremes were studied by one-day, two-day, three-day and seven-day annual maxima, for
all the years of a particular period individually. Annual maxima are then ﬁtted using Lognormal and
Gumbel distribution functions and the values for the 50 and 100-year return periods are determined.
Also, percentage frequency of different rain intensities in observed, raw GCM and bias-corrected GCM
data were calculated.
The analysis of the climate change signal is done for all the nine GCM projections and their ensemble
mean, and for the periods 2010–2040, 2041–2070, 2071–2099 and 2010–2099. The extreme value
statistics in future period were subjected to Mann–Kendall and Student’s t tests (linear regression) for
long-term trend analysis for the whole transient period (2010–2099). The linear regression method is
widely used to determine long-term trends seasonally, annually, and for daily maximum rainfall e.g.
Gadgil and Dhorde (2005), among many others. The non-parametric Mann–Kendall test is used here
as a signiﬁcance test.
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3. Results and discussion
We  have divided the results section into three parts where we  present the evaluation of DBS scaling
procedure in the reference period in Section 3.1, followed by the analysis of the climate projections
for the near future (2010–2040), intermediate future (2041–2070) and distant future (2071–2099)
(Section 3.2), and Section 3.3 ﬁnally deals with trend analysis for the entire future period (2010–2099)
for detecting any long-term trends in the climate projections.
3.1. Evaluation of the DBS methodology for rainfall during the reference period (1975–2004)
The evaluation statistics, including accumulated rainfall, mean, standard deviation, coefﬁcient
of variation and percentage contribution to annual rainfall for seasonal, monsoon and annual data
period, are presented in Table 2. For brevity, we  show the results of all statistical comparison
with the observed data only for projections NCAR CCSM4 and the NorESM1 M,  as these models
give the closest representation of observed data in terms of accumulated precipitation. All the
models were under estimating the total accumulated precipitation as compared to observations
(Appendix 1).
It can be observed from Table 2 that there is a marked improvement in the reproduction of the
climate statistics for both models after post-processing by DBS in comparison to the raw model.
Accumulated rainfall is substantially improved for the entire period from 47,914 mm to 58,001 mm
and from 31,286 mm  to 60,071 mm for the NCAR CCSM4 and NorESM1 M projection, respectively,
compared to the observed 58,104 mm of rainfall. The same can be said for other annual statistics.
Notably, the DBS procedure is able to reproduce the pattern of rainfall during different seasons. The
monsoon season, which accounts for nearly 96% of rainfall (Rana et al., 2012), is well represented
in the scaled data. The original values 85.1% and 85% in the raw NCAR CCSM4 and NorESM1 M pro-
jections, respectively, after DBS application increase to 94.3% and 95.1%, as compared to 95.8% in
the observations. It can be observed in Table 2 that there is slight overestimation of rainfall in the
post-monsoon season (especially for September), while rainfall in June is underestimated, indicating
a delayed onset of the Monsoon season in the GCMs (see also Fig. 1). The DBS application is not able
to correct this late onset of the monsoon in the GCMs (Fig. 1), and the case may  be the same when
we are analysing future projections. This can also be observed for individual months during the mon-
soon season, as a slight correctional shift in the amount of rainfall received compared to observed
data.
Extreme value statistics are represented in Table 3 and Fig. 2 for 1, 2, 3 and 7 consecutive days.
In the case of raw GCM data the extremes are below the observed values (Fig. 2), which is to be
expected considering the differing spatial scales of a GCM compared to a precipitation station. It can
be observed from the table that the mean (153 mm)  and standard deviation (42.2 mm)  of extreme
events for all the observed data (1-day maximum) are well represented in the DBS-corrected GCM
data, being 154 mm and 45.8 mm,  respectively, for the NCAR CCSM4 projection and 139.9 mm and
51.2 mm,  respectively, for the NorESM1 M projection. The same can be observed for 2, 3 and 7-day
maximum values where there is marked improvement in the statistics after the scaling proce-
dure.
Observed 1-day Lognormal values for the 50 (284 mm)  and 100 (309.6 mm)  year return periods
are well represented in the scaled data, being 282 mm and 307 mm for NCAR CCSM4 and 285 mm
and 31 6 mm for NorESM1 M,  respectively. Similarly, the 1-day Gumbel distribution values for the 50
(263 mm)  and 100 (286 mm)  year return periods are well represented in the scaled data, being 272 mm
and 297 mm for NCAR CCSM4 and 272 mm and 300 mm for NorESM1 M,  respectively. Lognormal dis-
tribution is a continuous probability distribution whose logarithm is normally distributed whereas
Gumbel come from distributions that are not bounded above but do have a full set of ﬁnite moments.
Thus the two provides different facets of data maximum. In our results, there is a systematical differ-
ence between the values obtained from Lognormal and Gumbel distribution ﬁtting wherein Lognormal
values are always a bit higher than Gumbel in the observed, raw and bias-corrected datasets.
The rainfall intensity histogram for the entire reference period is presented in Fig. 3. The raw GCM
data show a lower number of dry days (i.e. days with no rainfall), they generally overestimate the
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Table 2
Climate statistics of observed data, raw and bias-corrected GCM data.
Month/season Annual June July August September Pre-
monsoon
Southwest
monsoon
Post
monsoon
Winter
Observed Rainfall accumulated (mm) 58,104.0 7807.0 20,547.0 16,380.0 8826.0 30.0 53,560.0 4336.0 90.0
Mean (mm) 1936.8 260.2 684.9 546.0 294.2 1.0 1785.3 144.5 3.0
Standard deviation (mm) 369.9 210.9 217.4 251.5 150.2 2.9 334.4 150.6 5.1
CV  (%) 19.1 81.0 31.7 46.1 51.0 285.3 18.7 104.2 170.9
Percentage to annual (%) 100.0 13.4 35.4 28.2 15.2 0.1 92.2 7.5 0.2
NCAR CCSM4 Raw data Rainfall accumulated (mm) 47,914.0 5290.0 13,795.0 13,365.0 8334.0 835.0 40,784.0 4608.0 1530.0
Mean (mm) 1597.1 176.3 459.8 445.5 277.8 27.8 1359.5 153.6 51.0
Standard deviation (mm) 254.0 139.6 150.3 150.0 118.6 26.3 254.5 58.8 37.1
CV (%) 15.9 79.2 32.7 33.7 42.7 94.3 18.7 38.3 72.8
Percentage to annual (%) 100.0 11.0 28.8 27.9 17.4 1.7 85.1 9.6 3.2
DBS  corrected Rainfall accumulated (mm) 58,001.0 6833.0 19,066.0 18,159.0 10,664.0 500.0 54,722.0 1841.0 827.0
Mean (mm) 1933.4 227.8 635.5 605.3 355.5 16.7 1824.1 61.4 27.6
Standard deviation (mm) 428.6 225.7 256.1 248.3 192.6 44.9 425.6 62.1 31.7
CV (%) 22.2 99.1 40.3 41.0 54.2 269.5 23.3 101.3 115.1
Percentage to annual (%) 100.0 11.8 32.9 31.3 18.4 0.9 94.3 3.2 1.4
NorESM1 M Raw data Rainfall accumulated (mm) 31,286.0 1763.0 7389.0 10,970.0 6460.0 330.0 26,582.0 3143.0 1091.0
Mean (mm) 1042.9 58.8 246.3 365.7 215.3 11.0 886.1 104.8 36.4
Standard deviation (mm)  288.7 58.4 84.8 165.3 94.0 9.9 256.2 63.6 24.7
CV  (%) 27.7 99.4 34.4 45.2 43.7 90.4 28.9 60.7 68.0
Percentage to annual (%) 100.0 5.6 23.6 35.1 20.6 1.1 85.0 10.0 3.5
DBS  corrected Rainfall accumulated (mm) 60,071.0 3171.0 15,558.0 24,862.0 13,522.0 439.0 57,113.0 1618.0 794.0
Mean (mm) 2002.4 105.7 518.6 828.7 450.7 14.6 1903.8 53.9 26.5
Standard deviation (mm)  687.0 140.7 216.4 433.5 231.5 29.6 657.8 64.6 33.4
CV  (%) 34.3 133.1 41.7 52.3 51.4 202.3 34.6 119.8 126.2
Percentage to annual (%) 100.0 5.3 25.9 41.4 22.5 0.7 95.1 2.7 1.3
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Fig. 1. Mean annual rainfall cycle over the 30 year reference period (1975–2004) using a 31 day moving average of the observed,
raw  and bias-corrected GCM data.
Table 3
Extreme value statistics of observed, raw and bias-corrected GCM annual maxima with Lognormal and Gumbel distributions.
Distribution Lognormal Gumbel
Model Time step Mean (mm)  Standard
deviation (mm)
T50
(mm)
T100
(mm)
T50
(mm)
T100
(mm)
Observed Daily Max  153.6 42.2 284.0 309.6 263.0 286.0
2  day Max  244.6 66.4 451.6 492.4 416.6 452.7
3  day Max  308.5 73.2 573.8 625.5 498.3 538.1
7  day Max  478.1 106.9 893.0 973.5 755.3 813.5
Raw  NCAR CCSM4 Daily Max  96.8 36.4 201.5 224.3 191.1 211.0
2  day Max  149.6 52.8 309.4 343.9 286.5 315.2
3  day Max  183.5 64.1 365.8 404.4 349.5 384.4
7  day Max  268.7 78.2 491.3 535.6 471.5 514.0
DBS  corrected
NCAR CCSM4
Daily Max  154.2 45.8 282.0 307.4 272.8 297.7
2  day Max  244.8 74.3 475.4 523.0 437.5 478.0
3  day Max  299.7 96.5 579.8 637.8 549.9 602.4
7  day Max  426.3 128.3 808.3 886.0 759.0 828.9
Raw  NorESM1 M Daily Max  53.2 20.7 106.3 117.6 106.8 118.1
2  day Max  88.3 35.0 174.5 192.7 179.1 198.1
3  day Max  110.7 44.0 211.6 232.6 224.7 248.7
7  day Max  174.1 65.0 320.1 349.7 342.6 378.0
DBS  corrected
NorESM1 M
Daily Max  139.9 51.2 285.0 316.1 272.7 300.6
2  day Max  232.8 90.0 480.7 534.5 466.1 515.1
3  day Max  287.9 115.7 581.2 644.2 587.8 650.7
7  day Max  435.5 177.4 864.2 955.6 895.4 992.0
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Fig. 2. Box plots of extreme value statistics for the observed, raw and bias-corrected GCM data for 1, 2, 3 and 7-day maximum
values.
frequency in the intensity interval of 0–20 mm,  and underestimate the frequency of intensities above
40 mm.  This is an expected consequence of the difference in spatial scales between the data sets, but
may  also reﬂect GCM bias. In contrast, the rainfall intensity histogram of the DBS corrected model data
closely follows that of the observed data for both models. High intensity/frequency events (more than
80 mm/day) in the scaled data are apparent and are in line with the observed data.
Fig. 3. Frequency of rainfall events in the observed, raw and bias-corrected GCM data. (Note: The right axis is applicable for the
graph  to the right of the black vertical line).
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Fig. 4. Absolute change of precipitation in near future DBS corrected data (2010–2040) over the monsoon months as compared
to  baseline DBS corrected data (1975–2004).
3.2. Evaluation for climate projections for the near future (2010–2040), intermediate future
(2041–2070) and distant future (2071–2099)
3.2.1. The near future projection
In Table 4, climate statistics for near future projections are presented for annual, pre-monsoon,
monsoon, post monsoon and winter seasons. It should be noted that most of the projections are
indicating an increase in mean annual rainfall as compared to the observed baseline mean of 1936 mm.
The ensemble mean suggests an increase of around 140 mm for the city with a range – between 18 mm
decrease and 500 mm increase for the different projections. Similar changes can be observed in the
monsoon season for all the projections. There are relatively small changes in CV which is 22.9% and
27.2% for the annual and monsoon season as compared to 19.1% and 18.7% for the observed baseline
projection suggesting slightly higher variability in the near future.
Fig. 4 represents the absolute change of the mean monthly precipitation between the DBS cor-
rected projections as compared to the bias-corrected projections in the reference period during the
monsoon season. It can be observed that all projections project a lower rainfall contribution during
June, approximately the same during July and a higher rainfall contribution in the months of August
and September. In comparison, the observed values are relatively high in July–August and low in June
and September, which can be attributed to a bias in the raw GCM data as was indicated in Fig. 1. The
overall percentage contribution to the monsoon season is relatively conserved as compared with the
reference data with an increase in the total rainfall received.
3.2.2. The intermediate future projection
All the projections indicate an increase in mean annual rainfall as compared to the observed mean
value of 1936 mm.  The ensemble mean suggests an increase of around 300 mm in rainfall for the city
and the same can be observed in the monsoon season for all the projections. There is a relatively
larger change (when compared to the near future projections) in CV which is 30.7% and 31.3% for the
annual and the monsoon season, respectively, as compared to 19.1% and 18.7% for the reference period
suggesting a higher variability than that observed in near future projections. The absolute change of
the mean monthly precipitation for the monsoon season is presented in Fig. 5. It can be pointed out
that all the models are suggesting a lower rainfall contribution during June, approximately the same
during July and a higher rainfall contribution in the months of August and September, similar to what
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Table 4
Climate statistics for near future DBS corrected GCM projections (2010–2040). The values in brackets represent the absolute change in the DBS corrected GCM data when comparing the
near  future and the reference period i.e. DBS-GCM (2010–40) – DBS-GCM (1979–2004).
Month/season Annual Pre-monsoon Southwest monsoon Post monsoon Winter
BCC CSM1.1 Mean (mm) 2024.5 (0.7) 20.5 (5.1) 1592.0 (−338.0) 391.2 (343.4) 2092.1 (2064.7)
Standard Deviation (mm)  8.8 (−458.7) 34.2 (−3.9) 512.6 (58.1) 265.3 (220.4) 716.7 (679.6)
CV  (%) 0.4 (−22.7) 166.9 (−81.0) 32.2 (8.6) 67.8 (−26.1) 34.3 (−101.2)
CanESM1.1 Mean  (mm) 2040.5 (124.7) 20.5 (3.9) 1927.3 (113.8) 69.3 (15.4) 34.7 (6.0)
Standard Deviation (mm) 566.7 (−141.8) 34.2 (0.6) 551.2 (−141.7) 68.3 (3.9) 76.9 (36.0)
CV  (%) 27.8 (−9.2) 166.9 (−35.2) 28.6 (−9.6) 98.5 (−21.0) 221.8 (79.1)
INM CM4 Mean (mm) 2388.2 (209.5) 20.5 (3.5) 2224.1 (174.8) 52.3 (−10.0) 72.6 (26.2)
Standard Deviation (mm)  706.3 (73.5) 34.2 (−15.5) 664.9 (59.3) 66.9 (−19.5) 68.4 (20.5)
CV  (%) 29.6 (0.5) 166.9 (−125.5) 29.9 (0.3) 127.9 (−10.7) 94.3 (−8.9)
IPSL CM5A MR Mean (mm) 2347.5 (−18.6) 20.5 (7.8) 2220.6 (−38.2) 77.6 (32.4) 28.6 (−17.6)
Standard Deviation (mm) 610.8 (−98.4) 34.2 (7.1) 625.0 (−60.9) 96.2 (35.2) 47.9 (−4.3)
CV  (%) 26.0 (−4.0) 166.9 (−47.1) 28.1 (−2.2) 124.0 (−11.1) 167.5 (54.4)
NCAR  CCSM4 Mean (mm) 2132.0 (198.7) 20.5 (3.8) 2023.9 (199.8) 65.6 (4.2) 26.1 (−1.4)
Standard Deviation (mm)  407.1 (−21.5) 34.2 (−10.7) 406.3 (−19.3) 68.2 (6.1) 22.3 (−9.5)
CV  (%) 19.1 (−3.1) 166.9 (−102.5) 20.1 (−3.3) 104.0 (2.7) 85.1 (−29.9)
NorESM1 M Mean (mm) 2016.3 (13.9) 20.5 (5.8) 1923.7 (20.0) 52.6 (−1.4) 29.1 (2.6)
Standard Deviation (mm)  585.7 (−101.3) 34.2 (4.6) 587.9 (−69.9) 62.6 (−2.0) 37.0 (3.6)
CV  (%) 29.0 (−5.3) 166.9 (−35.3) 30.6 (−4.0) 119.1 (−0.7) 127.2 (1.0)
CERFACS CNRM CM5 Mean (mm) 2074.6 (123.5) 20.5 (4.4) 1921.1 (55.3) 71.1 (8.2) 16.5 (12.5)
Standard Deviation (mm) 450.1 (0.5) 34.2 (−3.0) 435.5 (−3.0) 89.6 (−10.6) 35.2 (25.8)
CV  (%) 21.7 (−1.3) 166.9 (−64.7) 22.7 (−0.8) 126.1 (−33.4) 214.0 (−24.0)
MPI  ESM LR Mean (mm) 2243.5 (34.2) 20.5 (7.9) 2141.8 (11.4) 83.2 (27.0) 8.5 (0.8)
Standard Deviation (mm)  506.5 (15.2) 34.2 (−1.9) 487.1 (−10.3) 79.4 (25.0) 12.6 (−7.9)
CV  (%) 22.6 (0.3) 166.9 (−121.1) 22.7 (−0.6) 95.5 (−1.5) 148.7 (−118.7)
HadGEM2 ES Mean (mm) 2547.1 (491.4) 20.5 (5.2) 2479.5 (512.3) 41.0 (−18.7) 8.4 (−2.3)
Standard Deviation (mm)  772.4 (166.7) 34.2 (−0.2) 741.9 (143.5) 68.7 (1.4) 21.2 (2.6)
CV  (%) 30.3 (0.8) 166.9 (−58.0) 29.9 (−0.5) 167.6 (54.9) 251.9 (77.7)
Average Mean  (mm) 2201.6 (130.9) 20.5 (5.3) 2050.4 (79.0) 100.4 (44.5) 257.4 (232.4)
Standard Deviation (mm)  512.7 (−62.9) 34.2 (−2.6) 556.9 (−4.9) 96.1 (28.9) 115.3 (82.9)
CV  (%) 22.9 (−4.9) 166.9 (−74.5) 27.2 (−1.3) 114.5 (−5.2) 149.4 (−7.8)
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Fig. 5. Absolute change of precipitation in intermediate future DBS corrected data (2041–2070) over the monsoon months as
compared to baseline DBS corrected data (1975–2004).
was observed in the near future projection. The overall percentage contribution to monsoon season
is similar to that in the reference period.
3.2.3. The distant future projection
All the models are indicating an increase in mean annual rainfall as compared to the observed
reference mean of 1936 mm,  and the average of all the models is 2350 mm.  There is a relatively large
change when compared to the near future projections and a relatively small change when compared
to the intermediate projections in terms of CV, which is reported as 25.6% and 27.2%, respectively,
for the annual and monsoon season. This is close to the reference period, suggesting low variability.
Concerning monthly rainfall, Fig. 6 suggests a lower rainfall contribution during June, approximately
the same during July and a higher rainfall contribution in the months of August and September as was
observed in the reference data (Fig. 1), near future and intermediate future projections. The overall
percentage contribution to the monsoon season is relatively well represented and in line with the
Fig. 6. Absolute change of precipitation in distant future DBS corrected data (2071–2100) over the monsoon months as com-
pared to baseline DBS corrected data (1975–2004).
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reference monsoon precipitation data. There is also a relative increase in the amount of rainfall received
during the monsoon months for all the projection runs.
3.3. Trends in the long term/transient (2010–2099) climate projections and evaluation of extreme
events for all projections
Fig. 7 represents the trends in daily maximum precipitation, as estimated by the different pro-
jections, across the whole time scale considered for this study. Different data periods are marked
with different colours and trends lines are depicted for each near, intermediate, distant and transient
periods. It can be observed from the ﬁgure that most of the models show a positive trend except
CanESM1.1, CERFACS CNRM CM5  and MPI ESM LR. A trend analysis for the entire future period is
presented in Table 5 and extreme values are depicted in Fig. 8 (absolute change in different models
with respect to baseline scenario). It can be observed from Table 5 that four out of the projections
are suggesting a signiﬁcant positive trend in the extreme rainfall. Three out of the projections show
a decreasing trend but these are not signiﬁcant at the 0.05 level. It should be noted that six of the
projections indicate a positive trend in maximum daily rainfall and that the average of all the pro-
jections point towards a positive trend in daily events in both the Student’s t-test and Mann–Kendall
analyses.
Fig. 8 shows the absolute change in maximum rainfall with respect to baseline scenario, in bias-
corrected datasets, for the 50-year return period as 100 mm and 60 mm (Lognormal and Gumbel
distributions respectively) and 200 mm  and 100 mm for 100-year return period (Lognormal and
Gumbel distributions respectively). The maxima (T50 and T100) range from 210 to 450 mm for
different models in transient future scenario. This is relatively higher than the observed values.
The difference between Lognormal and Gumbel distribution values can be explained by the sys-
tematic difference in the methods itself and it was observed in reference period as well. As per
the future scenarios, both the distributions are predicting higher values than observed reference
period values except in three models. The range of increase is in range of 50–100 mm.  The aver-
age maximum values are increasing as we move from near to intermediate and decreasing from
intermediate to distant future scenario for both T50 and T100 and for Lognormal and Gumbel dis-
tribution. Effectively there is always an increase in maximum values for both distribution and for
both return periods for the transient future scenario indicating an increase in extreme precipita-
tion.
It appears that maximum values are following a 30-year cycle of ﬁrst increase then stabilising and
increasing again in distant future scenarios. Similar results were obtained by Rana et al. (2012) where
the precipitation maximum were following the climatic indices cycle. The magnitude of the change as
well as the range of variability differs between projections, which is attributed to the different models
used in the study.
4. Discussion
Overall, the results show that the intensity of rainfall, which is already relatively high considering
the design standard of 25 mm/h  for Mumbai (Gupta, 2007), is projected to increase in the future. The
average increase in maximum rainfall is about ∼15–20% in each 30-year time slice and ∼30–45% in the
90-year transient period. This can also be inferred from Fig. 8, where changes in maxima corresponding
to 50- and 100-year return periods are shown with respect to baseline scenario. These results imply
an increased hydrological risk for the city of Mumbai, as also pointed out by Rana et al. (2013) in their
development of IDF curves and risk assessment based on historical data. The projections presented
here could provide valuable information for risk management and climate adaptation planning in
Mumbai. They can also be used to estimate relative change in the amount of precipitation received
in monsoon season as compared with other seasons, which may  be important for water resources
management.
Results from the present study can be compared in accordance to ﬁndings from other studies
where most of them indicated towards intensiﬁcation of the monsoon rainfall over a broad region
encompassing South Asia (e.g., Lal et al., 2000; May, 2002, 2004, 2011; Meehl and Arblaster, 2003;
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Fig. 7. Trends in the daily maximum rainfall in the climate projections; near future (2010–2040), intermediate future (2041–70),
distant future (2071–99) and transient future (2010–99).
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Table 5
Extreme event statistics and trend analysis for the period 2010–2099 using both a Student’s t test and a Mann–Kendall test (ﬁgures in bold are signiﬁcant at the 0.05 level).
Model Mean (mm)  Standard
deviation (mm)
Regression
slope
Intercept (mm) Correlation
coefﬁcient
Student’s t
test (t)
Mann–Kendall
test (Z)
BCC CSM1.1 153.867 53.195 0.406 135.409 0.198 1.907 1.984
CanESM1.1 163.211 51.067 −0.327 178.082 −0.166 −1.591 −1.283
INM  CM4  149.768 56.168 0.463 128.681 0.214 2.07 1.886
IPSL  CM5A MR 158.282 61.288 0.16 151.024 0.068 0.01 0.342
NCAR  CCSM4 178.532 56.723 0.519 154.94 0.237 2.306 2.92
NorESM1 M 148.256 38.559 0.299 134.673 0.201 1.937 2.426
CERFACS  CNRM CM5  163.538 50.924 −0.2 172.627 −0.102 −0.966 −1.193
MPI  ESM LR 169.39 50.88 −0.311 183.548 −0.159 −1.518 −1.464
HadGEM2 ES 162.224 50.615 0.128 156.411 0.066 0.01 0.6
Average  160.7853 52.15767 0.126333 155.0439 0.061889 0.462778 0.690889
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Fig. 8. Extreme value statistics for the 50 year and 100 year return periods for the observations, near future (2010–2040),
intermediate future (2041–70), distant future (2071–99) and long-term future (2010–99) projections.
Rupakumar et al., 2006). Though these studies were on a broader scale, they were indicating towards
intensiﬁcation of rainfall in areas the show the same monsoon phenomena which is dominant in
rainfall for Mumbai. Ranger et al. (2011) has also indicated an intensiﬁcation of rainfall in the study
area using a single model output and estimated the socio-economic consequences of it.
The results of the present study, using scaling techniques to bias-correct GCM projections to the
local scale, should be seen as potentially useful for impact studies. In urban areas, it is very impor-
tant to study the effects of extreme rainfall events and increases in net rainfall and rainfall–runoff
relationships. Changes in the physical characteristics of urban areas change the runoff response of
the area along with natural forces. Thus, it is necessary to evaluate the effect of changes in rainfall
and human interference on the natural drainage patterns of the urban area. Infrastructural plan-
ning of urban areas should require careful attention to urban drainage characteristics. This study
could be useful for adaptation studies in future for the study area. The projections presented here
could provide valuable information for risk management and climate adaptation planning in Mum-
bai. They can also be used to ﬁnd out the intensity of storms and relative change in the amount of
precipitation received in monsoon season over the period of time, i.e. future scenario period, and
can serve as important criteria for the design of drainage systems and other infrastructure facili-
ties.
Nevertheless, there are considerable sources of uncertainties in the results, related mainly to the
climate projections ability of describing the probability of occurrence of extreme events. Further,
due to the nature of extreme events, there is only limited data available and the inherent natural or
internal variability add uncertainty to the analysis of results. The uncertainties can also be attributed
to GCM bias (e.g. Fig. 1). Downscaling and bias-correction methodologies like DBS can be used in
climate change studies for regions with data from only single stations and without commonly avail-
able regional projections. Using an ensemble of climate projections, as in this study, can provide an
estimate of the uncertainty related to model structures and internal variability. The choice of sta-
tistical downscaling and bias-correction method, however, also adds up to the total uncertainty in
the ﬁnal result and it may  be considered using different methods. Improvements are still required
in climate model post-processing methodologies to deal with such substantial biases, e.g. related to
inaccurate timing and location of stationary synoptic-scale rainfall ﬁelds like the monsoon. There
are developments in studying the impact of climate change at the regional scale but options need
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to be explored further for reduction of uncertainties associated with GCM data and scaling proce-
dures.
5. Concluding remarks
Main ﬁndings of the present study are outlined below:
1. Comparison of point observations in Mumbai with raw GCM projections in the reference period
shows that GCMs underestimates the mean and extreme precipitation in the study area.
2. After the application of DBS, the agreement in the reference period improves considerably and the
climatic characteristics in the observed reference data are well reproduced. Thus, DBS has proved
capable of improving the representation of local rainfall statistics.
3. Results have indicated an increased amount of precipitation received in the study area in all future
climatic projections. The increase in the amount of precipitation ranges from 20% to 40% in various
projections.
4. The same can be said about extreme events of rainfall as tested for the 50 and 100-year return
periods using Lognormal and Gumbel distribution functions. The increase in the extreme events
ranges from 0% to 40% with two  projections indicating a slight decrease.
5. Six out of nine projections show a positive trend of rainfall extremes in the period 2010–2099,
including four showing a signiﬁcant positive trend at the 0.05 level.
This study has provided a more clear picture the future changes of rainfall in the Mumbai area
than what has been previously available. Further knowledge about the expected future changes are to
be provided by the on-going work with regional climate projections for India within the Coordinated
Regional Downscaling Experiment (CORDEX; Giorgi et al., 2009). As discussed above, the changes may
have negative hydrological impacts such as an increased ﬂood risk (see also e.g. Ranger et al., 2011).
There is a need to incorporate detailed hydrological impact modelling studies to better assess the
future impacts on the study area. This conceivably includes climate projections by both hydraulic
models of the drainage systems and by hydrological models for the Mumbai region.
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Appendix 1.
Month/season Annual June July August September Pre-monsoon Southwest monsoon Post monsoon Winter
Observed PA (mm) 58,104 7807 20,547 16,380 8826 30 53,560 4336 90
M  (mm) 1937 260 685 546 294 1 1785 145 3
SD  (mm)  370 211 217 252 150 3 334 151 5
CV  (%) 19 81 32 46 51 285 19 104 171
PTA  (%) 100 13 35 28 15 0 92 7 0
BCC CSM1.1 Raw data PA (mm) 10,144 957 3504 2571 1107 50 8139 1161 676
M  (mm) 338 32 117 86 37 2 271 39 23
SD  (mm) 117 49 83 49 64 4 115 31 28
CV  (%) 35 153 71 57 173 243 42 80 122
PTA  (%) 100 9 35 25 11 0 80 11 7
DBS  corrected PA (mm)  60,713 7244 22,466 19,559 8631 461 57,900 1435 820
M  (mm) 2024 241 749 652 288 15 1930 48 27
SD  (mm) 467 178 291 207 262 38 454 45 37
CV  (%) 23 74 39 32 91 248 24 94 135
PTA  (%) 100 12 37 32 14 1 95 2 1
CanESM1.1 Raw  data PA (mm)  17,987 1002 3425 5500 4627 457 14,554 1816 1019
M  (mm) 600 33 114 183 154 15 485 61 34
SD  (mm)  223 60 105 92 65 20 199 43 38
CV  (%) 37 180 92 50 42 133 41 71 112
PTA  (%) 100 6 19 31 26 3 81 10 6
DBS  corrected PA (mm)  57,474 3759 12,734 19,722 18,191 498 54,406 1617 860
M  (mm) 1916 125 424 657 606 17 1814 54 29
SD  (mm)  709 177 356 308 238 34 693 64 41
CV  (%) 37 141 84 47 39 202 38 120 143
PTA  (%) 100 7 22 34 32 1 95 3 1
INM  CM4 Raw data PA (mm)  23,418 544 4125 7302 4534 481 16,505 4209 2073
M  (mm)  781 18 138 243 151 16 550 140 69
SD  (mm) 202 19 95 83 64 9 129 95 54
CV  (%) 26 102 69 34 42 56 23 67 78
PTA  (%) 100 2 18 31 19 2 70 18 9
DBS  corrected PA (mm)  65,362 1799 15,967 28,472 15,240 510 61,478 1868 1392
M  (mm)  2179 60 532 949 508 17 2049 62 46
SD  (mm) 633 90 408 441 239 50 606 86 48
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Month/season Annual June July August September Pre-monsoon Southwest monsoon Post monsoon Winter
CV (%) 29 150 77 46 47 292 30 139 103
PTA  (%) 100 3 24 44 23 1 94 3 2
IPSL  CM5A MR Raw data PA (mm)  23,491 482 2594 9134 6818 125 19,028 2848 1375
M  (mm) 783 16 86 304 227 4 634 95 46
SD  (mm) 281 19 72 175 86 7 243 67 39
CV  (%) 36 117 83 58 38 179 38 70 84
PTA  (%) 100 2 11 39 29 1 81 12 6
DBS  corrected PA (mm) 70,983 2990 11,000 30,846 22,929 379 67,765 1355 1386
M  (mm) 2366 100 367 1028 764 13 2259 45 46
SD  (mm) 709 87 229 482 242 27 686 61 52
CV  (%) 30 87 62 47 32 214 30 135 113
PTA  (%) 100 4 15 43 32 1 95 2 2
NCAR  CCSM4 Raw data PA (mm) 47,914 5290 13,795 13,365 8334 835 40,784 4608 1530
M  (mm) 1597 176 460 446 278 28 1359 154 51
SD  (mm) 254 140 150 150 119 26 254 59 37
CV  (%) 16 79 33 34 43 94 19 38 73
PTA  (%) 100 11 29 28 17 2 85 10 3
DBS  corrected PA (mm) 58,001 6833 19,066 18,159 10,664 500 54,722 1841 827
M  (mm) 1933 228 636 605 355 17 1824 61 28
SD  (mm) 429 226 256 248 193 45 426 62 32
CV  (%) 22 99 40 41 54 269 23 101 115
PTA  (%) 100 12 33 31 18 1 94 3 1
NorESM1 M Raw data PA (mm) 31,286 1763 7389 10,970 6460 330 26,582 3143 1091
M  (mm) 1043 59 246 366 215 11 886 105 36
SD  (mm) 289 58 85 165 94 10 256 64 25
CV  (%) 28 99 34 45 44 90 29 61 68
PTA  (%) 100 6 24 35 21 1 85 10 3
DBS  corrected PA (mm) 60,071 3171 15,558 24,862 13,522 439 57,113 1618 794
M  (mm) 2002 106 519 829 451 15 1904 54 26
SD  (mm) 687 141 216 434 231 30 658 65 33
CV  (%) 34 133 42 52 51 202 35 120 126
PTA  (%) 100 5 26 41 23 1 95 3 1
CERFACS CNRM CM5 Raw data PA (mm) 21,830 2135 7702 7299 3149 77 20,285 1265 98
M  (mm) 728 71 257 243 105 3 676 42 3
SD  (mm) 161 49 78 91 79 4 156 49 6
CV  (%) 22 68 30 37 75 145 23 116 191
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Month/season Annual June July August September Pre-monsoon Southwest monsoon Post monsoon Winter
PTA (%) 100 10 35 33 14 0 93 6 0
DBS  corrected PA (mm)  58,535 5945 21,891 20,136 8001 482 55,973 1885 119
M  (mm)  1951 198 730 671 267 16 1866 63 4
SD  (mm)  450 149 227 270 207 37 438 100 9
CV  (%) 23 75 31 40 77 232 24 159 238
PTA  (%) 100 10 37 34 14 1 96 3 0
MPI ESM LR Raw data PA (mm)  14,291 1782 4080 3116 3502 103 12,480 1437 202
M  (mm)  476 59 136 104 117 3 416 48 7
SD  (mm)  116 45 61 53 80 17 118 45 16
CV  (%) 24 76 45 51 69 488 28 95 234
PTA  (%) 100 12 29 22 25 1 87 10 1
DBS  corrected PA (mm)  66,279 9241 20,392 16,774 17,506 376 63,913 1684 230
M  (mm) 2209 308 680 559 584 13 2130 56 8
SD  (mm)  491 196 239 212 329 36 497 54 21
CV  (%) 22 63 35 38 56 288 23 97 267
PTA  (%) 100 14 31 25 26 1 96 3 0
HadGEM2 ES Raw data PA (mm)  4490 85 1191 1707 418 93 3401 701 203
M  (mm)  150 3 40 57 14 3 113 23 7
SD  (mm) 69  5 34 53 24 6 60 24 11
CV  (%) 46 185 86 92 172 200 53 104 166
PTA  (%) 100 2 27 38 9 2 76 16 5
DBS  corrected PA (mm)  61,670 4892 22,051 24,714 7360 459 59,017 1792 321
M  (mm)  2056 163 735 824 245 15 1967 60 11
SD  (mm)  606 89 320 402 254 34 598 67 19
CV  (%) 29 55 44 49 103 225 30 113 174
PTA  (%) 100 8 36 40 12 1 96 3 1
Key: PA: precipitation accumulated; M:  mean; SD (MM):  standard deviation; CV: coefﬁcient of variation and PTA: percentage to annual.
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